Abstract Monitoring spatio-temporal dynamics of hydrology in seasonally-flooded wetlands is important for water management and biodiversity conservation. Spectral data and derived indices from t he Moderate Resolution Imaging Spectroradiometer (MODIS) have been used for hydrological monitoring of large wetlands. However, comparable studies for small wetlands (<25 km 2 ) are lacking. Our aims are to examine whether MODIS-derived indices at 500-m spatial resolution can perform this task for small wetlands, and to compare the performance of various indices. First we evaluated if water levels are a good indicator for wetland inundation extent. A high correlation between water level and Landsatderived inundation extent was found (R 2 =0.957). Secondly, we compared 10 years of water level fluctuations with seven spectral indices at a 16-day interval. The Tasseled Cap brightness index (TCBI) had the highest correlation with water level for the complete time series including dry and wet years. Thirdly, we analyzed how these indices behave for areas with different inundation characteristics. Again TCBI showed a consistently accurate performance, which was independent of inundation frequency. We therefore conclude that TCBI is the best-suited index for monitoring of hydrological variability in small seasonally-flooded wetlands such as the Fuente de Piedra lake in southern Spain. We recommend testing this index further for other seasonally-flooded wetlands in semiarid areas.
Introduction
Seasonally or intermittently flooded wetlands are ecologically important ecosystems in arid, semi-arid, and Mediterraneantype regions (Roshier et al. 2001; Waterkeyn et al. 2008; Haas et al. 2009 ). Forty-five percent of the Ramsar-listed seasonally-flooded inland wetlands are found in these climate zones. They undergo periodic cycles of inundation and drought, primarily in response to variability in precipitation and evapotranspiration (Ruiz 2008) . In arid, semi-arid and Mediterranean environments, about 30 % of Ramsar-listed seasonal wetlands are small-sized, measuring between 10 and 2500 ha. Despite their small size, they often act as critical refuge and breeding areas, offer food sources for wildlife, and harbor many plant and animal species that would otherwise not survive in the surrounding landscape (Gibbs 1993; Semlitsch and Bodie 1998; Roshier et al. 2002; Zacharias et al. 2007; Sim et al. 2013) . There is concern that seasonal wetlands are often neglected due to their ephemeral character and small size. The abundance and quality of seasonal wetlands around the world is declining rapidly due to global climate change, expansion of agricultural land and irrigation schemes (Roshier et al. 2001; Castañeda and Herrero 2008; Zacharias and Zamparas 2010) . Although the European Union (Habitats Directive 1992) and the Ramsar Convention (Ramsar Convention on Wetlands 2002) include seasonal wetlands in their conservation plans, only a subset of them are considered. The lack of knowledge about the changes in wetland extent of these aquatic systems makes conservation a difficult task for resource managers. Hence, an urgent need exists at national and international levels to report and monitor changes in wetland extent and conditions for large areas, using cost-effective tools, and including the important small-sized wetlands.
Hydrological dynamic processes, mainly expressed by spatial and temporal variation in inundation status, are important determinants of the formation and maintenance of a seasonally flooded wetland. Hydrological modifications may strongly affect ecosystem functioning and normally result in shifting species distributions and composition (Koning 2005; Robledano et al. 2010) , especially for species that are sensitive to hydroperiod variability (Roshier et al. 2002; Baldwin et al. 2006) . It may also affect other ecosystem functions including ground water recharge and nutrient cycling (Leibowitz 2003) . Therefore, it is important to monitor the wetland inundation dynamics for water management, ecosystem assessment and biodiversity conservation.
In situ water level gauges are a main data source for understanding hydrological dynamics and essential for quantifying temporal patterns of water fluctuation with good temporal resolution (Alsdorf et al. 2007 ). Gauge stations are typically located on large rivers, lakes and canals, but less frequently in seasonally flooded areas. Due to the inaccessibility of certain regions or financial and operational constraints, globally many wetlands lack gauge stations resulting in a limited knowledge and understanding of their hydrological conditions (Alsdorf et al. 2003) . While gauge measurements provide key data on the wetland hydrology, they may offer little information about spatial patterns of hydrologically-relevant variables like inundation status (Alsdorf et al. 2007; Huang et al. 2014) .
Remote sensing provides temporally and spatially continuous synoptic observation of ecosystem processes, and these observations may allow for monitoring of spatio-temporal hydrological variability for large areas in a repeatable and cost effective manner (Smith 1997) . Two types of remote sensing instruments are suitable for monitoring wetland hydrology at local and regional scales, i.e. microwave and optical sensors. The microwave technique of synthetic aperture radar (SAR) can provide imagery under all weather conditions and thus has been used for monitoring spatial and temporal patterns of flood inundation (e.g. Richards et al. 1987; Townsend 2001; Bourgeau-Chavez et al. 2005; Wdowinski et al. 2008; MartiCardona et al. 2010; Kim et al. 2014) . A main disadvantage of SAR is that the resulting backscattered signal is a complex combination of effects that depend on incidence angle, vegetation density and orientation, relative water height and wind effects. This could cause opposite backscatter responses for similar conditions, and the effective disentangling of such effects requires additional information (Smith 1997; O'Grady and Leblanc 2014) . Radar (or laser) altimeters can monitor water heights in reservoirs and lakes with a higher temporal resolution, but may miss many water bodies due to the spacing between the satellite orbits (Alsdorf et al. 2007 ). Optical remote sensors, such as those onboard Landsat and SPOT, have been used frequently for small wetlands monitoring. For example, Herrero and Castaneda (2009) used a series of 52 Landsat images to monitor the flooding surface of small saline wetlands in northeast Spain over the past 20 years. While providing accurate spatial information about flood extent, these sensors do not yet allow frequent and continuous monitoring over large regions that suffer from persistent cloud cover. In comparison, the relatively coarse spatial resolution (>100 m) imagery derived from satellite sensors such as AVHRR (Advanced Very High Resolution Radiometer) and MODIS (Moderate Resolution Imaging Spectroradiometer) provides more consistent and frequent observations over long time-spans, making such imagery potentially well-suited for spatio-temporal analysis of wetland hydrology.
An often-used approach to study temporal changes from coarse-resolution optical sensors is to summarize their spectral information in multispectral indices and consequently study the spatio-temporal variation of these indices. The best-known multi-spectral index is the Normalized Difference Vegetation Index (NDVI) (Tucker 1979 ) that combines spectral reflectance measurements from red and near-infrared (NIR) bands. The NDVI provides a measure of the photosynthetic activity of the green vegetation and NDVI time series have been used extensively for monitoring vegetation dynamics (Pettorelli et al. 2005; Beck et al. 2006; Vrieling et al. 2011 Vrieling et al. , 2013 Petus et al. 2013) . It has also been used for water/land delineation (Chipman and Lillesand 2007; Borro et al. 2014) as water strongly absorbs light in the NIR spectral region (causing low reflectance) while much less absorption occurs over land surfaces. Other indices have been specifically developed for detecting and monitoring surface wetness (e.g. Gao 1996; McFeeters 1996; Xiao et al. 2002a; Xu 2006) . These mostly combine shortwave infrared (SWIR) or near infrared (NIR) bands, i.e. the spectral domain containing specific physical water absorption features, and visible (VIS) spectral regions. In general, NIR-SWIR indices are mainly proposed for vegetation water content detection while VIS-NIR (SWIR) combinations are almost all proposed for the detection of open water.
Several studies have explored coarse spatial resolution data for monitoring flood duration, timing and frequency of ephemeral wetlands (Xiao et al. 2005; Guerschman et al. 2011; Feng et al. 2012; Chen et al. 2013; Huang et al. 2014; Tornos et al. 2015) . Most of these studies used MODIS data to monitor flood extent by differentiating inundated/noninundated or mixed pixels. Until present, there have been few attempts to link water level changes to temporal patterns of spectral indices. One exception is Ordoyne and Friedl (2008) ) seasonal wetlands has not yet been tested. This paper aims to explore the potential of MODIS-derived spectral indices for characterizing the temporal variability in the hydrology of small shallow wetlands. Specifically, the objectives are (1) to investigate if water level is a good proxy of wetland hydrological variability by establishing a relationship between water level variation and inundated area for a small (~14 km 2 ) wetland in southern Spain; (2) to evaluate if time series of MODIS-derived spectral indices can effectively capture the hydrological variability of this wetland in relation to the water-level data; and (3) to explain how varying inundation characteristics within the wetland affect the temporal behavior of these indices.
Study Area
The study was carried out in Fuente de Piedra lake (36°06′ N, 4°45′ W), a shallow and saline (athalassohaline) lake and associated marshland with an area of 1364 ha. It occupies the center of a topographically endorheic basin with a catchment area of about 150 km 2 in southern Spain, situated between the Guadalquivir watershed and the Guadalhorce watershed (Heredia et al. 2010 ) (see Fig. 1 ). The study site is one of the most important breeding sites for the Greater Flamingo (Phoenicopterus roseus) in the Mediterranean region, second only to the Camargue, France (Geraci et al. 2012) . Its natural values were recognized and listed as a Wetland of International Importance (Ramsar) and Special Protection Area for Birds (SPA). It is designated by the environmental council of the Andalusian regional government as a Nature Reserve, and therefore it is a protected site.
The wetland is fed by five small rivers, rainfall, and highly mineralized ground water (Kohfahl et al. 2008) . Evaporation from the lake surface constitutes the main water output. It has a maximum depth of approximately 70 cm during the 10-year study period and experiences both seasonal and interannual variations of water level and inundation extent that are predominantly linked to variability in precipitation and evaporation. The mean annual rainfall is 460 mm and mean annual evaporation is approximately 1600 mm. Usually the lake is flooded in autumn (September-October), has its highest water levels during spring (February-March), and dries up partially or completely around June and July (García and Niell 1993; Kohfahl et al. 2008) . During these summer months the excess evaporation causes salt to deposit on the soil (see Fig. 1c ).
Different vegetation communities are found within and outside the wetland system. Dense vegetation containing reeds, saltmarshes and tamarisks (see Fig. 1e ) are present in channels feeding into the lake, and form a natural purification buffer of runoff water entering the lake. On small elevated dikes and islets inside the lake, drought-and saline-tolerant vegetation (e.g. Sarcocornia, Suaeda and Arthrocnemun) is present (Ministry of Agriculture, Fisheries and Enviroment 2013) (see Fig. 1d ). In drier years with low water levels, surface water does not reach this vegetation, but during wet years it may be partially inundated (Wang 2008) . Planktonic and submerged macrophytes are generally negligible except for extremely wet years such as 1990 and 1998 (García et al. 1997; Conde-Álvarez et al. 2012) . During the period considered in this study (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) when annual precipitation levels were low, no significant development of aquatic vegetation was observed, which can partly be attributed to the efforts to purify the wastewater from nearby towns (Ministry of Agriculture, Fisheries and Environment 2013). Surrounding the wetland area, olive trees and wheat are cultivated. While this is predominantly rainfed agriculture, groundwater extraction from wells is sometimes used as supplementary irrigation.
Data Water Level Data
The Fuente de Piedra lake water level data have been collected since 1983 using a limnograph. This mechanical recorder draws the curve of water level fluctuations on a paper by registering the movements of a flute floating in a well which connects with the lakebed. The daily mean values of the water level are subsequently calculated and stored in a database. The instrument measures the water surface height from the bottom of the lake (i.e. the 0-cm water level indicates that the lake is dry, even though values below 0 representing groundwater levels are recorded as the well is deeper than the lake). In this study, a 10-year daily mean water level dataset between 2000 and 2009 was obtained from Consejería de Medio Ambiente, Natural Reserve of Fuente de Piedra (Junta de Andalucía).
Remote Sensing Imagery and Pre-Processing
We used 78 Landsat TM/ETM+ images of Path/Row 201/34, acquired through the Global Visualization Viewer (GLOVIS; http://glovis.usgs.gov/) of the United States Geological Survey. The TM sensor has a spatial resolution of 30 m for the six reflective bands and 120 m for the thermal band. Landsat ETM+ images consist of eight spectral bands with a spatial resolution of 30 m for bands 1 to 5 and band 7. Resolution for band 6 (thermal infrared) is 60 m and resolution for band 8 (panchromatic) is 15 m. In our study, we used the 30-m visible and near-infrared bands of TM and ETM+. All images are radiometrically-and terrain-corrected products (L1T) and have a scene quality score of 9, which means perfect scenes with no errors detected. Table 1 summarizes all the Landsat TM/ETM+ dataset used in this study and corresponds to all cloud free images available for the study area from 2000 to 2009 (10 years). In the case of Landsat 7 ETM +, images acquired after May 2003 have wedge-shaped gaps of missing data on both sides of each scene as Scan Line Corrector (SLC) was damaged. However, as our study area is in the scene center, no gaps occurred over the area. We transformed the raw digital numbers (DN) contained in the images to top of atmosphere (TOA) reflectance according to the Landsat 7 Science Data Users Handbook (Irish 2000) .
The MODIS sensor has 36 spectral bands of which seven are specifically designed for studying the land surface, i.e.: blue (459-479 nm), green (545-565 nm), red (620-670 nm), near infrared (841-876 nm), and shortwave infrared (SWIR 1 : 1230-1250 nm, SWIR 2 : 1628-1652 nm, SWIR 3 : 2105-2155 nm). The MODIS Land Science Team provides a suite of standard MODIS data products to the users, including the Nadir BRDF-Adjusted Reflectance (NBAR) 16-day composite product (MCD43A4). This product provides 500-m resolution reflectance data for each of the MODIS bands (1-7) adjusted using a bidirectional reflectance distribution function (BRDF) to model the values as if they were taken from nadir view . The product thus removes view angle effects, and in addition masks cloud cover and reduces atmospheric contamination. For this study MCD43A4 composites were used to evaluate if coarseresolution index time series can capture the hydrological variability of the Fuente de Piedra lake. We used all 16-day composites between 2000 and 2009, resulting in 227 images.
Methods Evaluating Water Level as a Proxy for Inundated Area
To evaluate if water level gauge measurements provide a good proxy for inundated area and thus allow to effectively describe the wetland's hydrological conditions, we used the Landsat scenes to set a high-resolution baseline. To discriminate water from non-water we used the Normalized Difference Water Index (NDWI) developed by McFeeters (1996) . It has been widely used as an index for surface water detection (Bai et al. 2011; Rokni et al. 2014) . We acknowledge that NDWI may not be the most effective for inundation detection in case of dominant floating vegetation or submerged vegetation (Rodriguez et al. 2014) , but this was not the case for the wetland considered here (Study Area section). The NDWI ranges from −1 to 1, with values above 0 generally representing water bodies. However the threshold values applied to separate water from land may vary significantly from one scene to the next due to aerosol interference and variable solar/viewing geometry (Ji et al. 2009; Feng et al. 2012 ). Therefore we established threshold values for each individual NDWI image using the Otsu thresholding algorithm. The algorithm assumes that the image contains two classes of pixels following a bi-modal histogram (foreground pixels and background pixels). It then calculates the optimum threshold separating the two classes that minimizes the weighted withinclass variance (Otsu 1979) . The inundated area derived from each of the 78 Landsat scenes was linked to the corresponding water levels. We fitted a second-order polynomial regression through the data to describe the inundation status in relation to water level variation. When the recorded water level is 0 cm, the lake is dry, i.e. the inundated area is 0 km 2 . Therefore, the regression analysis is only performed for those dates when the recorded water level was above 0 cm.
In addition, we calculated the per-pixel water occurrence frequency (WOF) by evaluating for each pixel the ratio between the number of images for which the pixel was inundated and the total number of images (i.e., 78). Based on this, we classified the wetland areas into five classes: never inundated (WOF=0), seldom inundated (0<WOF≤0.15), occasionally inundated (0.15<WOF≤0.3), sometimes inundated (0.3< WOF≤0.45) and often inundated (0.45<WOF≤0.6).
MODIS-Derived Spectral Indices
A range of spectral indices have been proposed to perform surface wetness detection from multi-spectral imagery in different contexts. These all follow the same logic as the NDVI (Tucker 1979) , i.e. a difference between two spectral bands divided by the sum of the two. McFeeters (1996) introduced the Normalized Difference Water Index (NDWI) to delineate open water features using the green and near-infrared (NIR) band. Xu (2006) found that NDWI often does not distinguish between water areas and built-up land, and proposed the Modified Normalized Difference Water Index (MNDWI) by substituting the SWIR band for the NIR band. Several spectral indices combining the NIR and SWIR bands have been proposed using different portions of the SWIR region . These include the Normalized Difference Water Index (NDWI, Gao 1996) (referred as LSWI B5 in this paper) and the Land Surface Water Index (LSWI, Xiao et al. 2002b ) (referred as LSWI B6 in this paper) which use the SWIR-band centered at 1.24 and 1.64 μm, respectively. The combined NIR/SWIR indices are sensitive to leaf water and soil moisture and for this reason widely adopted for studying vegetation phenology, vegetation change and seasonal inundation (Xiao et al. 2005 (Xiao et al. , 2006 Ordoyne and Friedl 2008; Yan et al. 2010; Campos et al. 2012; Davranche et al. 2013) . Table 2 summarizes the five most common band-ratio indices adopted for water detection (including open water, vegetation water content, and soil moisture).
Except for spectral band-ratio indices using two multispectral bands, there are also approaches synthesizing information contained in multiple bands. The tasseled cap transformation, first suggested by Kauth and Thomas (1976) for Landsat MSS, is a useful tool for compressing spectral data into a few bands that can be directly associated with the physical parameters of the land surface (Crist and Cicone 1984; Crist 1985) . The first three components of the Tasseled Cap transformation are brightness, greenness and wetness. Brightness, hereinafter referred to as BTasseled Cap Brightness Index (TCBI)^, is a weighted sum of all six bands and correlated to texture and moisture content of soils (Crist et al. 1986 ). Greenness is a contrast between near-infrared and visible reflectance, and is thus a measure of the presence and density of green vegetation. Wetness, hereinafter referred to as BTasseled Cap Wetness Index (TCWI)^, contrasts the sum of the visible/ near infrared with the shortwave infrared bands, providing a measure of soil moisture tension (Crist et al. 1986; Jian et al. 2012 ) and plant moisture (Cohen 1991; Jin and Sader 2005; Toomey and Vierling 2005) . The coefficients of TCBI and TCWI proposed by Zhang et al. (2002) were used for MODIS data (Table 3) .
For each 16-day MCD43A4 composite, we calculated all the spectral indices that are designed to be correlated to surface wetness. Because the resulting MODIS-derived time-series of LSWI B5 and LSWI B6 showed a strong similarity, we only present LSWI B6 results in this paper.
Evaluation of MODIS-Derived Spectral Indices for Monitoring Hydrological Variability
For each 16-day time step and spectral index we calculated the mean value of the MODIS pixels contained within the lake. Only pixels whose centers were inside the lake boundary were included. The temporal patterns of average MODIS indices for the entire lake were then analyzed. This resulted in a single average 10-year time series from 2000 to 2009 for the lake for each spectral index with a 16-day temporal resolution.
To analyze which index most accurately describes the temporal hydrological variability, we averaged the water level data to 16-day periods corresponding to the MODIS composite period. Pearson's correlation coefficients were calculated between each water index series and the corresponding water level data.
Besides the lake-average indices, we also performed correlation analysis between water level and index time series for single MODIS pixels. For this analysis we included pixels within 1 km outside the lake as the surrounding vegetation may also reflect the hydrology condition in the lake. In an attempt to group areas of similar behavior, we converted the Landsat-derived inundation frequency map to vector layers. From these layers we calculated the spatial mean index values of the MODIS pixels contained within each inundation occurrence zone and within the 1 km buffer area, and then related these to water level data. In addition, we calculated the dynamic range for each index time series (defined here as the absolute difference between the 5th and 95th percentile of all index values) to examine which spectral index responds most strongly to the hydrological fluctuations. To better understand how the behavior of each spectral index within an inundation zone relates to the spectral properties, we also calculated the spatial mean reflectance for each MODIS band and each inundation class for several different water levels ranging from −30 to 62 cm.
Results and Discussion

Relationship Between Water Level and Inundated Area
Figures 2 and 3 illustrate the changes in inundated area as a function of water level. The data are most accurately fitted with a second order polynomial that indicates a strong positive relationship (R 2 =0.957) between water level and inundated area. Similar high correlations using a second order polynomial were also achieved by Sippel et al. (1998) and Jung et al. (2011) , but other mathematical relationships are also found between the two parameters, including a linear function (Liu et al. 1983 ), a power function (Hayashi and van der Kamp 2000) , and an exponential function (Mahe et al. 2011 (Mahe et al. , 2013 . The type of relationship is largely dependent on the lake bathymetry (Alsdorf et al. 2007; Medina et al. 2010) or river morphology (Smith 1997) . Other effects also play a role. For example wind effects (Wang 2008 ) may explain the range of inundated area between 4.0 and 6.5 km 2 around the water level of 22 cm (Fig. 3) . Despite the scattering around the regression line, Fig. 3 shows a strong relationship between water level and inundation area. Consequently water level data can be used in this study as a proxy for the important hydrological fluctuations occurring in the wetland. Figure 4 presents the inundation frequency map obtained from the number of times each pixel was inundated in the 78 Landsat images. Central regions (shown in blue) experience variable water depths during the wet season. Never inundated regions (shown in white) occur in the southwest and north. The southwest areas are known as BCanchones del Suroeste^, which are unique natural islets in the lake providing good nesting areas for flamingos only in years with very high water levels when foxes and other predators cannot reach these islets (Rendón-Martos 1996) . These areas are mudflats and partly covered by drought-and salt-resistant vegetation (e.g. Sarcocornia, Suaeda and Arthrocnemun) (Fig. 1d) . The northern fringe of the lake is covered by dense vegetation which is a combination of marsh vegetation mixed with reeds, rushes and tamarisks (Fig. 1e) . Figure 5 presents a visual comparison of the multi-temporal profiles of six spectral indices throughout a 10 year period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) in conjunction with water level. During the 10 years of study, the water level of the lake has varied substantially, both within and between years. All hydrological cycles have a filling phase of strong water level increase during September to November. Water levels remain relatively high until spring (February-March). This is followed by a drying period with dropping water levels, resulting in a complete dry up of the lake around June-July. Based on the interannual variations in lake water levels, two categories of hydrological years can be identified: relatively wet years (2000 to 2004 and 2009 ) and relatively dry years (2005 to 2008) . During wet years, the lake water levels start rising from late September to mid-October. Throughout the wet years, water depths are higher than the multi-annual average and water persists on the surface for longer periods (Mid-October to late June). Dry years are characterized by longer dry seasons which can start as early as May and end in October.
MODIS-Derived Indices vs. Water Level
Visual inspection of the temporal graph (Fig. 5) indicates a relatively stronger correspondence between water level and MNDWI, TCBI and TCWI. All the indices except TCBI were positively related to the water level data. The TCBI values exhibited a smooth, regular seasonal annual pattern with a higher variability in index values. The TCWI and MNDWI curves also showed clear seasonal patterns but with more noise. During the 10-year study period, the TCWI and MNDWI values were mostly below 0, with a smaller dynamic range of TCWI than that of MNDWI. The other indices showed a more random pattern. One exception is that LSWI B6 closely follows the water level fluctuation during dry years (2005) (2006) (2007) (2008) . Table 4 shows the Pearson's correlation coefficients between each water index and the corresponding water level data. There was a strong negative correlation between TCBI Fig. 2 Inundation maps derived from multi-temporal Landsat imagery corresponding to different water levels and corresponding date Fig. 3 Relationship between measured water level and Landsat-derived inundation areas. A second order polynomial was fitted to the data and water level time series, which is consistent with the findings by Ordoyne and Friedl (2008) for the Florida Everglades. TCBI is a linear combination of all spectral bands with positive coefficients (Table 3) ; the higher the overall reflection of the ground surface across the spectrum, the higher the TCBI. Because water is a strong absorber of radiation across the visible and infrared portion of the spectrum, a decrease of water in the system (including open water and soil moisture), will cause an increase in TCBI. When water retreats completely from the ground surface (i.e. no open water), measured water level variation is associated with the relative water content in the soil. A high water content makes soils darker (hence low TCBI) than if these were dry, particularly for soils with low organic matter content (Jensen 2009 ). Strong correlations were consistent between TCBI and water level for both dry and wet years, suggesting that TCBI is a reliable index for hydrological monitoring in the Fuente de Piedra lake under a wide range of conditions.
In contrast to TCBI, TCWI had the highest positive correlation coefficient with water level (r=0.67) for the 10-year period, with a much higher correlation coefficient (r=0.92) for the dry years (2005) (2006) (2007) (2008) . This result confirms findings by other studies (Ordoyne and Friedl 2008; Van Trung et al. 2013 ) and can be explained by the fact that water strongly absorbs radiation in the SWIR part of the electro-magnetic spectrum (Campbell 2002) . The correlation coefficient for wet years (2000-2004 and 2009 ) was much lower (r=0.53) and can be attributed to higher TCWI values in the dry season (May-July) of these wet years as compared to dry years, even if the water level is the same. These high values may be explained by salt deposition on the soil surface during the dry season, which occurs particularly in wet years when more water evaporates. The presence of salt causes the TCWI to increase considerably due to the high spectral reflectance of crusted saline soil surfaces in the visible and near-infrared regions of the spectrum (Howari et al. 2002; Koshal 2012) . The different findings for the dry and wet years suggest that TCWI can be a proper index for monitoring wetland hydrological variability in non-saline wetlands, but not for saline wetlands with seasonal salt deposits.
While TCBI and TCWI clearly exhibited the highest correlation with water level fluctuations, we found that band-ratio indices also gave reasonable correlation coefficients, but this was largely season-dependent. For dry years, LSWI B6 and MNDWI had a stronger relation with water level than NDVI and NDWI. This could be partly attributed to the smaller sensitivity of NIR reflection to variations in soil moisture, vegetation water content (Eitel et al. 2006; Olsen et al. 2013 ) and open water (Campbell 2002; Li et al. 2003 ) as compared to SWIR reflection. Low correlation between LSWI B6 /MNDWI and water level for wet years may again be explained by the accumulation of salt at the soil surface (as for TCWI). NDWI showed a higher correlation coefficient with water level for wet years, which is likely to due to the higher variation in open water extent for which NDWI is designed. For all years, the NDVIwater level correlation coefficients were very low (r<0.4). Figure 6 shows the correlation coefficient between MODISderived indices and water level for individual MODIS pixels. Important spatial variations can be observed. Generally, for NDWI, LSWI B6 and NDVI the sign of the correlation coefficient was opposite when comparing areas inside and outside the lake, while for TCBI, TCWI and MNDWI, the sign was the same.
Temporal Behaviour of MODIS-Derived Indices in Response to Inundation Characteristics
Comparison of Pearson's correlation coefficients for different inundation frequency zones indicated that the sign and strength of correlations between water level and the MODIS-derived indices were highly dependent on inundation frequency (Table 5) . TCBI was an exception as it showed high correlations with water level in all six inundation frequency classes. This result demonstrated that TCBI was sensitive to hydrological variability as expressed by fluctuations in both open water extent and soil moisture. Because the TCBI is a linear combination of all MODIS bands with positive coefficients (Table 3 ), TCBI's sensitivity to hydrological variability across classes should be explained by an overall increase of reflectance with decreasing water levels. In fact, Fig. 7 shows that this is the case for all inundation classes. This suggests that TCBI is well suited for monitoring relative wetness under a wide range of hydrological conditions. TCWI was positively related to water level in all inundation classes. The highest correlation (r=0.94) existed in never inundated areas followed by upland (r=0.80). This finding can be explained by the fact that TCWI is closely associated with both soil moisture (Crist and Cicone 1984; Crist et al. 1986; Jian et al. 2012 ) and plant water content (Cohen 1991; Jin and Sader 2005; Toomey and Vierling 2005) . TCWI takes the difference between a weighted sum of the visible/NIR reflectance and the SWIR reflectance (Table 3) . TCWI would be most sensitive if the reflectance of both wavelength domains would change in the opposite direction. Figure 7 shows that this is not the case for any inundation class, but for the never inundated areas, the visible/NIR domain (469-858 nm) changes least while SWIR (1240-2130 nm) shows strong increases with decreasing water levels, resulting in a high sensitivity for TCWI. The likely explanation for this behavior in the never inundated class, is that TCWI responds here predominantly to changes in water content of soil and vegetation. These results are supported by the study of Ordoyne and Friedl (2008) who concluded that TCWI can quantify hydrological variation when the water table is below the soil surface. With an increase in the frequency of inundation, the TCWI-water level correlation decreased, indicating that TCWI might not appropriate for detecting variability in the presence of open water. It is rather an indicator of the water content of soil and vegetation. LSWI B6 exhibited a similar behavior to TCWI. The high LSWI B6 -water level correlations for never inundated and upland areas confirm that LSWI B6 is also a good indicator of vegetation and soil water content (Chen et al. 2005; Xiao et al. 2005 Xiao et al. , 2006 Wang et al. 2008; Zhang et al. 2011) .
NDWI had the highest correlation coefficient (r=0.84) with water level for often inundated areas where the fluctuation in open-water presence is larger but low correlation coefficients in occasionally, seldom, and never inundated areas. This confirms that the index is able to monitor open water fluctuations, but not changes in soil water content. The upland class showed a high negative NDWI-water level correlation coefficient (r=−0.69), which can be explained by Fig. 7 that shows a decrease in green reflectance (555 nm) and a simultaneous increase in NIR reflectance (858 nm) for upland as water level increases above 0 cm. This likely relates to reduced presence of green vegetation and/or the drying of vegetation around the lake at moments when the lake water level is low. Dry vegetation reflects less NIR radiation than green plants resulting in a higher NDWI. NDVI showed high and positive correlations with water level for upland and never inundated areas but low and negative correlations inside the lake. For a wetland in Australia, Petus et al. (2013) also found differential NDVI temporal behavior inside the wetland as compared to the surrounding regions. This can be attributed to the fact that different wetland plant species have different phenological responses in relation to water availability (Baird and Wilby 1999; Van Trung et al. 2013) . In large areas inside the lake, plants that are able to stand extreme drought and salinity may appear at low densities when water retreats. Instead, in the upland and never inundated areas of the lake, the vegetation is relatively dense and dominated by crops, marsh and scrub that strongly depend on water availability, which is higher with higher water tables. These opposite correlation signs for NDVI may also partially explain the low correction coefficient for NDVI and water level for the whole lake (Table 4) . While a good index for monitoring green vegetation abundance in response to water level in vegetated wetlands such as marshes (Jiang et al. 2015) , NDVI proved not be appropriate for monitoring wetland hydrology in this saline lake with sparse vegetation.
The dynamic range of TCBI, expressed by the 5 th to 95 th percentile range, varied greatly in relation to different inundation characteristics with a higher value of 0.72 for usually inundated areas and a low value of 0.38 for upland areas (Table 6 ). This difference in dynamic range suggests that the TCBI variability could be used to spatially separate seasonally-flooded wetlands from other areas, even if the temporal behavior is similar. Also MNDWI and NDWI showed higher variability for inundated areas as compared to uplands suggesting MNDWI and NDWI would also allow to separate wetlands clearly from its surroundings. An additional factor for NDWI to achieve this separation is the opposite temporal (Table 5 and Fig. 6 ). This implies that MODISderived indicates can, besides monitoring wetland hydrology, also play a role in identification and mapping of small wetlands, and monitoring of their extent.
Future Outlook for Wetland Monitoring with Coarse Spatial Resolution Multi-Spectral Data
Although our study was conducted for a single small wetland, it clearly showed the good potential of particularly the TCBI for wetland hydrological monitoring. We expect that this potential can be used for monitoring the hydrology of other wetlands with sparse vegetation cover in arid and semi-arid environments. The soils in and around the Fuente de Piedra lake are mostly mineral, which could have affected the results, because dry soils are bright (high TCBI) and wetter soils and inundated areas are dark (low TCBI) across the part of the electromagnetic spectrum considered here. Mineral soils, low in organic matter content, are the dominant soils in arid and semiarid environments. Soils with a higher organic matter content will also experience a decline in reflection when wetted or inundated, but given that such soils are already dark when in dry conditions, TCBI may possibly be less sensitive to this decline. Further studies in other wetlands should confirm the applicability and limitations of TCBI for monitoring wetland hydrology. Besides examining indices for wetlands with different soil types, we also recommend further testing for seasonally-flooded wetlands with other diverging characteristics, e.g. marshes with dense emergent vegetation, and for even smaller wetlands that comprise only a few MODIS pixels. Closely monitoring hydrological variability is important for understanding how climate change and human actions affect the dynamics of seasonally-flooded wetlands, or may affect these in the future. Given that seasonally-flooded wetlands host a high diversity of fauna and flora that depend on these dynamics, we need tools to study them. This study demonstrated a promising option to monitor wetlands remotely using freelyavailable coarse spatial resolution but high temporal resolution data, which could benefit the hydrological monitoring of many seasonally-flooded wetlands globally. This in turn has potential to greatly contribute to the management and conservation of these habitats and species living in them. Taking into account the importance of the Fuente de Piedra lake for conservation (e.g. for waterbirds), the results of this study may be directly applied for explaining animal species abundance by hydrological variability. Given that many of the waterbird species (e.g. the Greater Flamingo), are not confined to only this wetland, but make breeding and feeding decisions based on wetland conditions in a wider area, the MODIS indices may also be applied for assessing spatio-temporal variation of wetlands across Spain and the Mediterranean Basin (Amat et al. 2007 ). For example, the colony size of greater flamingos at Fuente de Piedra is also affected by water levels in the Guadalquivir marshes, which are located 140 km away. The Fuente de Piedra lake usually dries up during the late breeding season, and flamingos breeding in this locality must move to Guadalquivir marshes to obtain their food during the chick-rearing period (Rendón-Martos 1996) . Hence, simultaneous monitoring hydrological dynamics of various wetlands with MODIS may prove an important tool to better explain and predict animal populations.
Conclusion
Seasonally-flooded wetlands are among the world's most unique and valuable ecosystems, but are under threat worldwide. Methods that allow monitoring these small wetlands from remote sensing are urgently needed by resource managers and ecologists, especially in areas where conflicts arise between the water demand for agriculture and conservation of wetlands in semi-arid environments. Results from this work suggest that the MODIS-derived spectral indices have good potential for characterizing and monitoring temporal variability in the hydrology of small seasonally-flooded wetlands. Particularly TCBI proved useful and gave consistent good results for wet and dry years, and for areas characterized by different inundation frequencies. This is relevant as it could provide opportunity to improve hydrological monitoring particularly for data-poor and ungauged wetlands. We recommend further testing of MODIS indices for hydrological monitoring of seasonally-flooded wetlands with different soil and vegetation characteristics. Besides wetland hydrological monitoring, the differential temporal behavior of MODIS indices within and outside the lake make these indices a promising tool for mapping and monitoring wetland extent over large areas.
